R isk assessment at contaminated fi eld sites usually includes predictions of the fate and transport of contaminants in the vadose zone and in aquifers. Fate and transport predictions are accomplished with models that account for the physical, geochemical, and biological processes that affect future transformation and movement of the contaminants in the environment. The fi rst step in the modeling process is the development of a conceptual model for the fi eld site that describes the initial and boundary conditions and all of the signifi cant processes that are occurring or that will occur in the future.
In cases where the contaminants of concern are toxic metal ions or radionuclides, the geochemical processes to be considered generally include adsorption-desorption, precipitation-dissolution, and oxidation-reduction. Studies of many contaminated fi eld systems have demonstrated that adsorption-desorption is the most signifi cant geochemical process affecting the transport of inorganic contaminants at specifi c fi eld sites (Kent et al., 2000; Davis et al., 2004a; Kohler et al., 2004) . Although laboratory adsorption-desorption equilibria in batch experiments are frequently described using surface complexation models (SCM), subsurface transport modeling of fi eld site behavior has usually represented the adsorption process by empirical relationships, such as distribution coeffi cients or isotherm equations (Davis and Kent, 1990; Dzombak and Ali, 1993; USEPA, 1999b) . The empirical approaches have also been used in describing retardation of metal ions in laboratory column experiments (Christensen, 1985; Buergisser et al., 1993; Hinz and Selim, 1994) . As has been noted by Kent et al. (2000) , the more complex SCM approach is generally not needed in cases where aqueous chemical conditions in the subsurface are temporally and spatially invariant. Examples of adsorption modeling in the fi eld under relatively constant chemical conditions include the smallscale fi eld experiments of Pickens et al. (1981) examining 90 Sr transport and the study of Cernik et al. (1994) describing zinc and copper transport in vertical soil profi les.
When adsorption is represented by empirical approaches, the conceptual model for adsorption is a simplistic one that ignores the potential impact of variable chemical conditions on adsorption (Davis and Kent, 1990) . Surface complexation modeling approaches directly describe aqueous and surface speciation and distribution and therefore are capable of accounting for the effects of variable chemical conditions on adsorption.
REVIEW & ANALYSIS
Adsorption-desorption reactions are important processes that affect the transport of contaminants in the environment. Various empirical approaches, such as the distribution coeffi cient and Freundlich and Langmuir isotherm equations, have been used to represent adsorption. The empirical approaches are not capable of accounting for the effects of variable chemical conditions, such as pH, on adsorption reactions. This can be done using chemical models such as surface complexation models. These models defi ne specifi c surface species, chemical reactions, equilibrium constants, mass balances, and charge balances, and their molecular features can be given thermodynamic signifi cance. Ion adsorption mechanisms and surface confi gurations for the surface complexation models can be established from independent experimental observations. These include both indirect measurements, such as point of zero charge shifts, ionic strength effects, and calorimetry, and direct spectroscopic techniques, including vibrational spectroscopy, nuclear magnetic resonance (NMR) spectroscopy, and X-ray absorption spectroscopy. Surface complexation models were developed for single mineral phases but have now been applied to natural mineral assemblages using both component additivity (CA) and generalized composite (GC) approaches. Surface complexation models have been incorporated into subsurface transport models at several fi eld sites, although simplifying assumptions are needed to deal with heterogeneous materials. Surface complexation models for contaminant adsorption have the potential to increase the confi dence and scientifi c credibility of transport modeling by reducing the uncertainty in quantifying retardation and providing a means of quantifying that uncertainty.
Model calculations have provided examples of the importance of this effect on predicting the impact of adsorption (USEPA, 1999c; Bethke and Brady, 2000; Kent et al., 2000; Davis et al., 2004a) . Although fi eld-site conditions may be relatively constant in some cases, the general situations in which toxic metals are introduced into the subsurface, such as land application of sewage effl uent and sludge , discharges from mining activities (Morin et al., 1982; Stollenwerk, 1994; Brown et al., 1998) , and recharge of aquifers by contaminated surface waters (Jacobs et al., 1988; von Gunten et al., 1991) , are not characterized by constant chemical conditions. Although modeling retardation is only a part of an overall risk assessment calculation for a contaminated fi eld site, in some cases, the adsorption process may be extremely important for understanding the risk to humans (or the biosphere) or for compliance with regulations at distances far from the source of contamination. Thus, it is important that alternative conceptual models be considered in evaluating remediation approaches and risk assessments for contaminated fi eld sites (Davis et al., 2004b) . Representation of the adsorption process by empirical or SCM modeling approaches is an example of alternative conceptual models that may be needed to make predictive simulations of future behavior in contaminated fi eld systems.
This review summarizes the current literature on adsorption-desorption reaction mechanisms, models for adsorptiondesorption reactions at the molecular scale, empirical representations of adsorption-desorption equilibria, and fi eld-scale applications of subsurface reactive transport modeling with adsorption-desorption equilibria. With the exception of the study of Vaughan et al. (2004) , little information is available on the applicability of these types of modeling approaches to hydrologically unsaturated zone fl ow and transport, and most of the discussion is based on results documented for saturated zone fl ow and transport.
Conceptual Models Representing the Adsorption Process
In the literature, at least three types of conceptual models for adsorption can be distinguished: (i) empirical adsorption isotherm partitioning relationships (Davis and Kent, 1990) , (ii) thermodynamic surface speciation models that describe the molecular details of chemical species formation at mineral surfaces (Hiemstra and van Riemsdijk, 1999; Sverjensky, 1997a, 1997b) ; and (iii) semi-empirical site-binding models that use concepts from the fi rst two model types to describe heterogeneous natural systems (Borkovec et al., 1998; Davis et al., 1998 Davis et al., , 2002 .
Empirical Adsorption Isotherms
Equations relating solute concentrations in coexisting solid and liquid phases can be generated for individual datasets through fi tting curves and empirical coeffi cients to the experimental data. Empirical models have been developed to describe both equilibrium and kinetic systems. It should be noted that empirical adsorption models are applicable only for the specifi c conditions under which they were developed. Use of empirical models beyond these conditions could potentially lead to signifi cant error. As a result, empirical adsorption models should be used with caution, taking care not to extend their application beyond appropriate conditions.
Linear Adsorption (K d Approach) Isotherm
The simplest type of adsorption isotherm is a linear distribution coeffi cient, K d (mL g -1 or m 3 kg -1 ):
where S (g g -1 ) is the concentration of solute adsorbed onto the solid phase and C (g mL -1 ) is the concentration of the solute in solution (see Fig. 1A ). A linear adsorption isotherm (K d approach) generally assumes that K d is a constant property of an aquifer and forms the basis of the general retardation factor (R f ) through the relationship
where ρ is the bulk density and θ is the porosity (Freeze and Cherry, 1979) . The lower the value of K d , the lower the retardation factor, and the faster a reactive species migrates through the subsurface. For a nonadsorbing species K d = 0, R f reduces to 1, and the species migrates at the fl ow velocity. The origin of K d as an empirical modeling parameter can be traced to descriptions of ion exchange and ion chromatography in chemical engineering practice, primarily applied to alkali and alkaline earth cations whose speciation changes little with changes in solution chemistry. Unfortunately, hydrologic modelers later assumed that this simple chemistry could be extended to essentially all inorganic contaminants and radionuclides. Perhaps the fi rst application to transport in groundwater systems was that of Higgins (1959) , who assumed that radionuclides resulting from underground nuclear explosions would adsorb via an ion exchange mechanism, with variable pH between pH 2 and 9 having a very small effect on K d values. It has often been argued that an exact knowledge of adsorption isotherms is needed for accurate modeling of ion transport, but in the interest of computational effi ciency, a constant K d approach has been applied.
The distribution coeffi cient is a lumped parameter and cannot be used to represent the contributions of different uptake processes to contaminant retardation. An additional limiting characteristic of the K d approach is its inability to recognize a maximum adsorption limit. In actuality, because there is a fi nite number of adsorption sites, adsorption will reach a practical upper limit.
The K d concept works well when applied to trace concentrations of unionized, hydrophobic organic molecules. Application of this approach to inorganic contaminants, however, is problematic because the parameter is so sensitive to aqueous chemical conditions such as pH, alkalinity, or concentrations of complexing ligands that may be encountered along a groundwater fl ow path (Kohler et al., 1996; Davis et al., 1998 Davis et al., , 2004a Bethke and Brady, 2000; Kent et al., 2000; Altmann et al., 2001) . For example, the K d for uranium(VI) adsorption on ferrihydrite at pH 8 decreases by four orders of magnitude as the partial pressure of carbon dioxide gas, pCO 2 , increases from its value in air (0.032%) to 1% (Davis et al., 2004a) . This is an important variation to understand because the pCO 2 in aquifers commonly reaches values of 1 to 5%, whereas most K d values have been determined in laboratory experiments equilibrated with or exposed to air. Moreover, pCO 2 often increases with transport after groundwater recharge, and this spatial-temporal trend in chemical conditions can greatly affect the retardation of contaminants. For these reasons, constant K d models for adsorption do not adequately account for spatial variability in mineralogy and hydrochemistry along groundwater fl ow paths.
Freundlich Adsorption Isotherm
The Frendlich adsorption isotherm (Freundlich, 1926 ) is nonlinear and defi ned by the relationship:
where S and C are defi ned as for Eq. [1] and K Fr and n are empirical coeffi cients (see Fig. 1B ). For the special case where n = 1, the Freundlich isotherm is identical to the distribution coefficient, K d . If adsorption-concentration data can be represented by a Freundlich isotherm, a plot of log S versus log C will result in a straight line with a slope of n and an intercept of log K Fr . As is the case for a linear adsorption isotherm, no adsorption maximum is reached.
Langmuir Adsorption Isotherm
In adapting the Langmuir adsorption isotherm (Langmuir, 1918) to solution chemistry, the idea of an upper limit to surface adsorption was introduced. Assuming that all adsorption sites are homogeneous, the general form of the Langmuir isotherm is
where b is the maximum adsorption capacity of the substrate (g solute g adsorbent -1 ) and K La is a constant representing the strength with which the solute is bound to the substrate (L meq -1 ) (see Fig. 1C ). Values of b and K La can be determined by plotting a variety of possible linearizations or by nonlinear regression analysis (Kinniburgh, 1986) . The Langmuir isotherm accounts for the decrease in K d values that occurs as an adsorbing surface becomes partially saturated with adsorbed species. The relationship is usually determined for a specifi c set of constant chemical and physical conditions and varying adsorbing ion concentration.
Parameters for Empirical Equilibrium Adsorption Models
A variety of compilations of model-dependent adsorption parameters is available in the literature. Because of its simplicity, the largest number of adsorption parameter collections is available for the distribution coeffi cient, K d . In using different subsurface reactive transport computer codes, there are often default adsorption parameter values in the input fi les. These values may or may not be linked to experimental data or site suitable conditions, and subsequently can be revised by the user for a given simulation on a site-specifi c basis.
Adsorption Coeffi cient Databases
Due to its simplicity, the K d approach has been applied most frequently to reactive transport, and a large amount of data is available for a number of substrates, elements, and water compositions. The Freundlich isotherm requires a value for the constant K Fr , and in addition, some estimate is necessary for the empirical exponent n. As discussed above, these can be obtained from plotting log S versus log C. The Langmuir isotherm also requires two constants: K La , which represents the energy of adsorption and the adsorption capacity of the substrate, b. In practice, however, experimental values for the constants neglect aqueous speciation of the solute, resulting in a simple empirical application of these isotherms.
Empirical coeffi cients appropriate to different models can be obtained for a given dataset by recasting the data using the adsorption-concentration expressions of the model. This can be done by curve fi tting, or by plotting variables against one another on linear or logarithmic scales to determine slope and intercept values. Based on the goodness-of-fi t, the more appropriate model is chosen. For systems with a large number of empirical coeffi cients, it is possible to have nonunique values reproduce the data equally well.
Three radiological dose assessment codes used by the U.S. Nuclear Regulatory Commission (NRC) for evaluation of decommissioning sites provide examples of K d applications to reactive transport. These codes-DandD (Kennedy and Strenge, 1992) , RESRAD (Yu et al., 1993a (Yu et al., , 1993b , and MEPAS (Strenge and Peterson, 1989 )-can be run using site-specifi c or default K d values to describe adsorption. A number of other compilations of K d values are available in the literature. These databases are not discussed in detail here. The reader should refer to the original references to locate them and then evaluate the basic assumptions and methodologies used in compiling the data.
The default K d values used in the code DandD (Kennedy and Strenge, 1992) come from various sources or methods. If the radionuclide of interest is assumed to be mobile, a K d value of 0.0 is assigned. Whenever possible, experimental values from Sheppard and Thibault (1990) were used. The experimental values selected from Sheppard and Thibault (1990) were the smallest of those determined from four soil types. For carbon-14 (applied as NaH 14 CO 3 ), data from Sheppard et al. (1991) were used. When experimental data were not available, a correlation between K d values and soil-to-plant concentration ratios was used . Default K d values used in RESRAD (Yu et al., 1993a (Yu et al., , 1993b were selected from several sources available in the literature (Staley et al., 1979; U.S. Nuclear Regulatory Commission, 1980; Gee et al., 1980; Nuclear Safety Associates, 1980; Isherwood, 1981; Baes and Sharp, 1983) . The default K d values used in MEPAS (Strenge and Peterson, 1989; Whelan et al., 1996) require a value for pH and the total percentage of clay, organic matter, and iron and aluminum oxides. The list of default K d values contains up to nine different values for each contaminant. The available K d values are organized into three categories of pH (pH 5, pH 5-9, and pH 9). Within each pH category, the K d values are further organized into three soil categories: the combined total percentage clay, organic matter, and iron and aluminum oxides, in three ranges (< 10%, 10-30%, and >30%).
A number of adsorption coeffi cient databases have been developed to address radionuclide transport issues specifi cally. Examples of K d databases include the Sandia Sorption Data Management System (Siegel et al., 1989) , the Atomic Energy of Canada Ltd. database , the SKI Project-90 database (Andersson, 1998) , and the Nuclear Energy Agency (NEA) adsorption database (Rüegger and Ticknor, 1992) . Ames and Rai (1978) conducted a review of available data and relevant chemistry for radionuclide interactions with soil and rock media. Based on literature review and onsite laboratory and fi eld experiments, Looney et al. (1987) Cantrell et al. (2003) . Summaries of adsorption measurements (Thomas, 1987) and best estimates based on available literature (Andersson, 1998) form part of the basis for the statistical parameter distributions of radionuclide adsorption parameters in total system performance assessment analyses for the proposed high-level nuclear waste repository at Yucca Mountain, NV (Civilian Radioactive Waste Management System Management and Operating Contractor, 1998 Contractor, , 2000a Contractor, , 2000b .
A compilation and comparison of radionuclide adsorption coeffi cient databases used in performance assessment have been presented by McKinley and Scholtis (1991) . Although developed for the purposes of radionuclide transport, the database reviewed in their work covers nearly half of the periodic table of elements and includes information on adsorption by buffers and backfi lls (concrete, bentonite, clay-rock mixes), a wide range of host rocks (e.g., crystalline, sediments), and surface soils.
The USEPA has published a three-volume set of documents on understanding variation in K d values (USEPA, 1999c (USEPA, , 1999d (USEPA, , 2002 . Volume 2 (USEPA 1999d) contains a review of the geochemistry and K d values for cadmium, cesium, chromium, lead, plutonium, radon, strontium, thorium, tritium ( 3 H), and uranium. Volume 3 (USEPA, 2002) contains a review of the geochemistry and K d values for americium, arsenic, curium, iodine, neptunium, radium, and technetium.
Sorption coeffi cient databases can range from simple tabulations to probability distributions to complex interrelational computerized datasets. Historically, the tendency has been to use these databases as a source of individual adsorption coeffi cients for the contaminant of interest. It is important, however, that the users of these compilations understand the assumptions and experimental data (including quality assurance) that form the basis of the values presented in the database. This understanding is necessary for the user to characterize the limitations, conservatisms, and uncertainties inherent in the dataset and to make an informed decision with regard to selecting values that are appropriate for different systems. Special care should be taken in selecting adsorption coeffi cients for contaminants that are sensitive to geochemical conditions. For example, the value(s) selected for a redox sensitive element must be appropriate for the Eh and pH conditions likely to be encountered along the groundwater fl ow path.
Empirical Statistical Approaches to Predict K d s
For any systematically generated dataset where variables that affect K d are measured along with K d , it is possible to use regression analyses to develop purely empirical predictor relationships. K d is treated as the dependent variable, and the other measured variables, such as solution pH, concentration of competing ions, concentration of complexing agents, and characteristics of the adsorbent (e.g., particle size, surface area, weight percentage of specifi c minerals) are independent variables. Both linear and nonlinear regressions are often performed in a stepwise fashion to determine which independent variables reduce the residual error the most. The number of independent variables and the functions included in the fi nal empirical equation are chosen based on minimization of the residual error between the measured K d and the predicted K d . For example, using a factorial design experimental test matrix with independent variables calcium, sodium, and potassium, Routson and Serne (1972) and Serne et al. (1974) Vandergraaf et al. (1992) developed quadratic expressions to simulate radionuclide adsorption as a function of total dissolved solids and radionuclide concentration. Rosentreter et al. (1998) developed parametric K d expressions for uranium adsorption on soil as a function of pH, surface area, and extractable iron and aluminum. Sauve et al. (2000) developed parametric expressions for a number of transition and heavy metals (cadmium, copper, nickel, lead, and zinc) presenting log K d as a function of soil solution pH, total soil metal, and soil organic matter content. In their analysis, Sauve et al. (2000) attributed most of the variability in K d to pH. The success of the parameterization approach in predicting K d varied depending on the metal content.
Such statistically derived empirical functions may have some relationship to adsorption processes such as cation competition or may have little relationship to controlling processes. Because the number of variables that can infl uence the adsorption of a contaminant may be large in natural systems, the number of experimental parameters that should be measured and varied to develop statistical empirical functions limits the practical application of the technique. Further, many of the so-called independent variables may not truly be independent of each other, leading to the development of relationships that have little physicochemical meaning. For example, the potential feedbacks between ambient chemistry and the changes induced by adsorption reactions (e.g., Kohler et al., 1996) are diffi cult to capture in this type of approach. Therefore, the statistically based empirical approach typically does not lead to a general understanding of the mechanisms controlling the interactions among soils-sediments, groundwaters-vadose zone porewaters, and contaminants.
Another drawback of these empirical conceptual models is that the calculated model parameters are not related explicitly to thermodynamic data for metal solubilities and aqueous speciation. The quality of thermodynamic data for metal solubilities and aqueous speciation has steadily increased in recent years, and the data are now available in critically reviewed compilations (Smith and Martell, 1989; Grenthe et al., 1992; Silva et al., 1995; Guillaumont et al., 2003) . As will be shown below, a major advantage of the surface complexation modeling approach is that the adsorption reactions are directly related to these thermodynamic data.
Empirically Based Kinetic Adsorption Models
Kinetic adsorption models have been used to simulate conditions where adsorption processes are believed to operate relatively slowly in relation to solute residence time. For example, fi rst-order kinetic adsorption is typically applied as a linear equation of the general form
where t represents time and k 1 and k 2 are rate constants for adsorption and desorption, respectively. Although k 1 and k 2 can be determined experimentally, the data are frequently unavailable and an empirical approach is used to fi t Eq.
[5] to adsorption data. At equilibrium, where dS/dt = 0, Eq.
[5] reduces to the linear adsorption isotherm with
Different types of nonlinear reaction kinetics have also been applied to model adsorption processes using a relationship such as
where k 1 is the adsorption (forward) rate coeffi cient, k 2 is the desorption (backward) rate coeffi cient, and n is an empirical coeffi cient. 
Some adsorption experiments exhibit an initial stage of rapid, reversible adsorption followed by slow, continued irreversible uptake, and adsorption equilibrium is not reached during the duration of the experiment. In developing empirically based transport models to simulate this type of behavior, some studies proposed "two-site" models. In this empirical modeling approach, one site is assumed to achieve adsorption equilibrium rapidly, and a second "slow" adsorption site is described with a kinetic model. Several models have been used for the equilibrium site, including linear (Cameron and Klute, 1977) , Freundlich (Selim et al., 1976) , and Langmuir (Middleburg and Comans, 1991) isotherms. First-order reversible kinetic models have generally been applied to the "slow" site.
As in equilibrium adsorption isotherms, the required number of parameters in empirically based kinetic models varies depending on the model considered. For example, linear kinetic models require estimates of the adsorption and desorption rate constants (k 1 and k 2 ). Nonlinear kinetic models require estimates of these rate constants and an estimate of the empirical exponential parameter, n (see Eq.
[6]). Two-site models require additional parameterization, depending on model structure. As is the case for equilibrium adsorption isotherms, experimental kinetic data are generally available for a limited number of ions and substrates, and the constants are applied as curve-fi tting parameters. The application of the models depends on the underlying assumption that adsorption rates are the process-limiting factors in solute uptake. In actuality, other physical and chemical factors (e.g., pH variability, hydrologic heterogeneity) may exert some control on retardation in column and fi eld transport experiments (Brusseau and Zachara, 1993; Painter et al., 2001 ). In addition, kinetic rate constants may be acquired under site-specifi c conditions, making extrapolation to new environments uncertain.
Surface Complexation Models
Surface complexation modeling approaches are generally more robust in application over variable geochemical conditions than empirical models because they adopt a more mechanistic approach to adsorption. This fl exibility is often gained at the expense of simplicity, and SCMs may require a larger number of parameters to accommodate their increasing complexity.
Surface complexation models use mass action laws analogous to aqueous phase reactions to describe adsorption, thus accounting for changes in chemical speciation, competitive adsorption, and other multisolute interactive chemical effects (Davis and Kent, 1990; Davis, 2001) . The advantages of applying the surface complexation concept to describe adsorption in risk assessment models include the following: Thermodynamic surface speciation models are chemical models that provide a molecular description of adsorption phenomena using an equilibrium approach. Analogous to solution complexation, thermodynamic surface speciation models defi ne surface species, chemical reactions, equilibrium constants, mass balances, and charge balances, and their molecular features can be given thermodynamic signifi cance. One of the major advantages of thermodynamic surface speciation models over more empirical approaches is consideration of the charge on both the adsorbate ion and the solid adsorbent surface. Another advantage is that surface speciation models directly account for the effects of changes in aqueous speciation on the extent of the adsorption reaction. Thermodynamic surface speciation models constitute a family of models having many common chemical characteristics and adjustable parameters. The surface complexation models differ in their structural representation of the solid-solution interface, that is, the location of the adsorbing ions, and in the charge-electric potential relationships used to describe the electrostatics of the interface from the mineral surface out into bulk solution.
Surface Confi guration of the Solid-Solution Interface
Members of the thermodynamic surface speciation model family include two-pK models: constant capacitance (Stumm et al., 1980) , diffuse layer (Dzombak and Morel, 1990) , and triple layer (Davis et al., 1978) . Two-pK models contain a reactive surface functional group, SOH, which undergoes both protonation and dissociation reactions:
such that each has an associated equilibrium constant, hence the term, two-pK model (Hiemstra et al., 1989a (Hiemstra et al., , 1989b . Schematics of the solid-solution interface for the two-pK models are presented in Fig. 2A for the constant capacitance model (CCM), Fig. 2B for the diffuse layer model (DLM), and Fig. 2C for the triple layer model (TLM). Comparable models can be written based on the one-pK concept in which each surface site undergoes only one protonation reaction. The one-pK model was developed based on the Basic Stern model. Subsequently, the multisite complexation (MUSIC) model (Hiemstra et al., 1989a (Hiemstra et al., , 1989b was expanded into the charge distribution (CD)-MUSIC model using the charge distribution principle and a three-plane confi guration . A schematic of the threeplane model, CD-MUSIC TPM, is presented in Fig. 2D . In the MUSIC and revised MUSIC model , different types of surface sites are identifi ed based on their crystallographic structure. The protonation reaction for each type of surface site may convert an unprotonated surface functional group to a protonated functional group or a protonated functional group to a doubly protonated functional group. Partial charges on each surface functional group are constrained to range from −1 to 1 and depend on the undersaturation of the surface oxygen atom (i.e., the atom is bonded to one, two, or three metal atoms within the crystal structure). In the revised MUSIC model, the partial charges also depend on the metal-oxygen bond lengths within the crystal structure. In the MUSIC model, gibbsite has only one type of surface site, which undergoes the following protonation reaction:
In the MUSIC model, protons and hydroxyls adsorb in the surface plane. The charge on these complexes and other adsorbed cations and anions is based on their corresponding charge using the bond valence principle, s = z/CN, where s is the bond valence, z is the ion charge, and CN is the ion coordination number. In the revised MUSIC model, the bond valence s for protonated and deprotonated surface sites is based on the metal-oxygen (Me-O) distances within the crystal structure according to the
where R is the Me-O distance, R o is an element-specifi c distance, and b is a constant equal to 0.37 Å (Brown and Altermatt, 1976) . In the constant capacitance, diffuse layer, and triple layer models, the charges on the surface complexes are designated using formal charges. In the constant capacitance and diffuse layer models, all surface complexes are inner-sphere and are located in a single surface o-plane. The DLM also includes a "diffuse" layer where counter ions are attracted to the charged mineral surface but remain in the bulk fl uid phase. In the TLM it is traditional to assign ions forming inner-sphere surface complexes to the surface o-plane and ions forming outer-sphere surface complexes to the outer β-plane, located between the surface plane and the diffuse layer. However, Sverjensky (2001) lographic radius of the electrolyte cation on some minerals (i.e., rutile, anatase, and magnetite) and correlated to the hydrated electrolyte cation radius on other minerals (i.e., quartz, amorphous silica, goethite, hematite, and alumina). This would suggest that inner-sphere complexes may reside in the β-plane for minerals having high dielectric constants.
Surface Complexation Reactions
In the two-pK models, chemical reactions for inner-sphere surface complexation include the Eq. [7] , [8] , and the following:
where 
where C + is the cation and A − is the anion of the background electrolyte. Surface complexes for divalent metals have often been proposed to include a hydroxyl ligand (James and Healy, 1972a , 1972b , 1972c , to involve both the metal cation and the electrolyte anion (Hayes and Leckie, 1986) , or to include both a metal cation and carbonate or organic acid ligands from solution in ternary surface complexes (Zachara et al., 1995) . These surface complexes have been proposed within the context of both the DLM and the TLM. In the DLM, metal-anion pairs are placed in the surface plane. In the TLM, metal-anion pairs may occur on the surface o-plane, the β-plane, or split between the two planes. Within the context of the TLM, many different metalanion surface complexation reactions may occur, including:
In the one-pK models, including the CD-MUSIC model, all of these surface complexes are possible, with the added complexity that these surface complexes may occur at one or more surface site types.
Equilibrium Constants for Thermodynamic Surface Speciation Models
The following are example equilibrium constants describing inner-sphere surface complex formation in the two-pK models:
where F is the Faraday constant, ψ is the surface potential, R is the molar gas constant, T is the absolute temperature, square brackets represent concentrations, and curly brackets represent activities. The exponential terms can be considered activity coeffi cients correcting for the effect of surface charge on surface complexation (Sposito, 1983) . Equations [25] [26] [27] [28] [29] [30] are conventionally considered in the CCM. In the DLM, Eq.
[30] is conventionally replaced by Eq.
[31]. Benjamin (2002) has shown that the mass law for formation of bidentate surface species is well represented by squaring the surface site concentration.
The following are example equilibrium constants for outersphere surface complex formation in the TLM:
In the one-pK models, including the CD-MUSIC model, the equilibrium constants for surface complexation are comparable to Eq. [27-37]. For example, an equilibrium constant for surface charging of gibbsite surface sites is
Mass and Charge Balances
Assuming that Eq.
[7], [8], and [10-20] represent all the reactions occurring at the mineral surface, the mass balance for the surface functional group, SOH, in the two-pK models is
The mass balance equations for each surface functional group (e.g., SOH, S 2 OH, S 3 OH, where SOH is monodentate, S 2 OH is bidentate, and S 3 OH is tridentate) in the one-pK models, including the CD-MUSIC model, are comparable. The mass balance represents a summation of all surface species for a specifi c site type considered in a particular thermodynamic surface speciation model. The charge balance equations for the two-pK models are
where σ is the surface charge. 
Charge-Potential Relationships
All thermodynamic surface speciation models contain relationships between surface charges and surface potentials. In the CCM, the charge-potential relation is
where C is the capacitance. The charge-potential relation for a symmetrical electrolyte in the DLM is ( )
where ε o is the permittivity of vacuum, D is the dielectric constant of water, and I is the solution ionic strength. In the TLM the charge-potential relations are Eq.
[45] and
Establishing Ion Adsorption Mechanisms
In using thermodynamic surface speciation models, the user must select the appropriate surface complexes that specify the adsorption mechanisms for all adsorbing ions. Inner-sphere surface complexes contain no water between the adsorbate ion and the mineral surface functional groups, while outer-sphere surface complexes contain at least one water molecule between the adsorbate ion and the surface. The CCM and the DLM consider all adsorbing ions to form inner-sphere complexes. In the TLM and the CD-MUSIC model, the mechanism of ion adsorption can be either inner-sphere or outer-sphere. To preserve the chemical signifi cance of thermodynamic surface speciation models, ion adsorption mechanisms should be established from independent experimental observations. Indirect experimental procedures that also provide guidance about ion adsorption mechanisms include point of zero charge shifts, ionic strength dependence, and calorimetry.
Spectroscopic Techniques
The structures of surface complexes and oxide surfaces have been studied using a variety of spectroscopic and scattering techniques, including X-ray absorption spectroscopy (XAS), X-ray standing wave spectroscopy, infrared (IR) spectroscopy, secondharmonic generation, X-ray diffraction, and X-ray refl ectivity (Brown et al., 1989) . No single technique can provide a complete description of the surface or of the surface species. Several of these methods are summarized below, along with examples of the types of data derived from each method. Table 1 provides a list of spectroscopic studies of surface speciation for different elements of concern.
Infrared Spectroscopy
Infrared spectroscopy has proven to be a useful technique for studying the interactions of ions with surfaces. Direct evidence for inner-sphere surface complexation of anions via ligand exchange has come from IR spectroscopic characterization using both dispersion IR and Fourier transform infrared (FTIR) spectrometers. One of the advantages of FTIR is that water peaks can be subtracted mathematically, allowing analyses of more realistic wet systems, unlike dispersion IR, which must be performed in a vacuum. Artifacts can be produced when extrapolating results from evacuated samples to aqueous solutions. For example, results from evacuated systems showed a predominance of bidentate surface complexes for most anions. However, the addition of water to bidentate surface complexes will drive the equilibrium to favor the formation of monodentate surface complexes. Manning and Goldberg (1996) postulated a mixture of bidentate and monodentate surface complexes in modeling phosphate adsorption on goethite with the CCM, consistent with FTIR results. Raman and FTIR spectroscopic studies of arsenic adsorption indicated inner-sphere surface complexes for arsenate on amorphous iron and aluminum oxide and arsenite on amorphous iron oxide and outer-sphere surface complexes for arsenite on amorphous aluminum oxide (Goldberg and Johnston, 2001 ). These surface confi gurations were used to constrain the surface complexes in the application of the CCM and the TLM to describe the arsenic adsorption data (Goldberg and Johnston, 2001 ). Villalobos and Leckie (2001) used their FTIR spectroscopic results to successfully describe carbonate adsorption on goethite using the TLM.
Nuclear Magnetic Resonance Spectroscopy
Nuclear magnetic resonance spectroscopic experiments can distinguish between protonated and unprotonated surface complexes and between inner-and outer-sphere surface complexes. Bleam et al. (1991) found NMR signals that exhibited significant spinning side band intensity and ready cross-polarization, indicative of phosphate adsorbed onto a boehmite surface as an inner-sphere complex. Interrupted decoupling 31 P{ 1 H} crosspolarization, magic-angle-spinning NMR experiments discriminated between protonated and deprotonated surface species and indicated that surface adsorbed phosphate became deprotonated in the pH range 9 to 11. This pH range agreed with that predicted by Goldberg and Sposito (1984) for various aluminum oxides and by Bleam et al. (1991) for boehmite using the CCM. Similar approaches can be used to study 29 Si, 11 B, and 75 As adsorption on aluminum oxides.
X-Ray Absorption Spectroscopy
X-ray absorption spectroscopy is useful for determining many of the structural details of adsorbed species (Koretsky, 2000; Brown, 1990; Greaves, 1995; Brown et al., 1995; Brown et al., 1989) . Two types of spectra are produced with this technique: X-ray absorption near edge structure and extended X-ray absorption fi ne structure (EXAFS). X-ray absorption near edge structure spectra provide quantitative information on the oxidation state of an absorbing element and its coordination number. Extended X-ray absorption fi ne structure spectra provide information including the average distance to, and the number and identity of atoms, in the fi rst and second coordination shells (?6 Å radius) around a metal ion. This information is used to determine whether the ion is adsorbed to the surface as an innersphere or outer-sphere complex, as a monodentate, bidentate, or tridentate complex, and as a mononuclear complex, multinuclear complex, or as a precipitate (see Fig. 3 ). Extended X-ray absorption fi ne structure spectra are capable of yielding average interatomic distances accurate to better than ± 0.02 Å and average coordination numbers accurate to ±15 to 20%. It is important to recognize that this structural information is summed over all of the environments of a given element. These environments will not be distinguishable in the EXAFS spectrum unless the average M-O distance differs by ≥0.1 Å between different surface sites on an oxide or silicate mineral. Octahedral and tetrahedral site geometries can usually be distinguished (Brown et al., 1995) .
Sorption samples suitable for in situ XAS experiments may be of two forms: wet, high surface area (<1 to >100 m 2 g -1 ) powdered solids or fl at single crystal surfaces on which a particular type of cation or oxyanion is adsorbed. The wet, powdered sample is typically in the form of a paste with a volume between a few µm 3 to 1 cm 3 . Surface coverages range from very low (<0.1 monolayer of adsorbate ion) to greater than one monolayer on both high surface area powders and oriented single crystals for a variety of adsorbate-adsorbent systems. Table 1 provides a list of spectroscopic studies investigating the structure of adsorbing cations and anions on oxides and clay minerals with brief summaries of the data interpretation. It should be noted that, in several cases, studies that at fi rst glance appear to be identical (i.e., the same adsorbate and same adsorbent) may give different results. For example, Manceau and Charlet (1994) found that selenate (SeO 4 2− ) adsorbed to goethite as an inner-sphere complex, while found that SeO 4 2− adsorbed to goethite as an outer-sphere complex. Later, Peak and Sparks (2002) did a more comprehensive study of selenate adsorption onto goethite over a wider range of pH, ionic strength, and surface coverage. They found that selenate adsorbed as an inner-sphere complex at pH 3.5 and an outer-sphere complex at pH 6. In addition, at a pH of 3.5, selenate adsorption changed from outer-sphere to inner-sphere with increasing ionic strength. Amorphous hydroxides differ in (0001) GI-XAFS Inner-sphere on (1 1 02) ; outer-sphere on (0001) Bargar et al. (1996 Bargar et al. ( , 1997c composition based on the method used to make them in the laboratory and as a function of aging . The adsorption properties and the spectroscopic results regarding the structure of adsorbed species on these naturally ubiquitous materials can vary accordingly. Discrepancies between spectroscopic results from different studies can also be attributed to differences in reaction conditions (e.g., solution pH, ionic strength, solid concentration). X-ray absorption spectroscopic techniques for studying metal adsorption to oxides from aqueous solution are continuously being refi ned. Therefore, more recent spectroscopic studies may disagree with previous ones because they use an updated approach. For example, O'Day et al. (2000) did detailed EXAFS analyses on strontium in different compounds and in solution to quantify local thermal and static disorder and to characterize strontium coordination in a variety of oxygen-ligated bonding environments. These authors concluded that previous spectroscopic determinations of hydrated strontium may have underestimated fi rst-shell interatomic distances and coordination numbers.
The results from spectroscopic studies provide information on the stoichiometry and structure of surface complexes that is being used to constrain the reactions considered when applying SCMs to bulk adsorption data. Katz and Hayes (1995) proposed a continuum thermodynamic surface speciation model consistent with spectroscopic observations (Chisholm-Brause et al., 1990b) for changing cobalt surface coverage on alumina surfaces. Manning and Goldberg (1996) postulated a mixture of bidentate and monodentate surface complexes in modeling arsenate adsorption on goethite with the CCM, consistent with the results of Waychunas et al. (1993) . Using EXAFS, Manning et al. (1998) observed a bidentate, binuclear bridging surface complex for arsenite on goethite. This surface complex was incorporated into the CCM and an excellent fi t of arsenite adsorption data was obtained. Venema et al. (1996) successfully described cadmium adsorption on goethite with the CD-MUSIC model using the surface species observed in the EXAFS study of Spadini et al. (1994) . Grossl et al. (1997) used the EXAFS results of Fendorf et al. (1997) to successfully describe arsenate and chromate adsorption on goethite using the CCM. Dyer et al. (2003) were able to describe lead adsorption on amorphous iron oxide with the TLM using the bidentate mononuclear and monodentate mononuclear surface species observed in the XAS study of Trivedi et al. (2003) .
Indirect Measurements Point of Zero Charge Shifts
The point of zero charge (PZC) of a solid phase can be measured indirectly electrokinetically, in colloidal stability experiments, or from potentiometric titrations. Electrophoretic mobility is a measure of the movement of charged particles in an electric fi eld where zero electrophoretic mobility indicates zero net surface charge, the isoelectric point. Specifi c innersphere ion adsorption produces shifts in PZC and reversals of electrophoretic mobility with increasing concentration of the ion (Hunter, 1981) . Shifts in PZC have been observed with phosphate (Anderson and Malotky, 1979) , arsenate (Anderson et al., 1976; Harrison and Berkheiser, 1982; Suarez et al., 1999) , arsenite (Pierce and Moore, 1980; Suarez et al., 1999) , chromate (Lumsdon et al., 1984) , carbonate (Su and Suarez, 1997) , selenite, selenate (Su and Suarez, 2000) , molybdate (McKenzie, 1983; Goldberg et al., 1996) , and borate (Goldberg et al., 1993; Su and Suarez, 1995) adsorption on oxide minerals. Consistent with their electrophoretic mobility results, Goldberg et al. (1993) postulated an inner-sphere surface complex to model borate adsorption on oxides and clay minerals. Adsorption that results in shifts in PZC indicates that forces in addition to electrostatic attraction are involved in the adsorption mechanism. Typically this means that inner-sphere complexes are formed, although outer-sphere complexes bound by strong hydrogen bonds cannot be ruled out. Adsorption that does not result in a shift in PZC may be due to either inner-sphere or outer-sphere surface complex formation.
Ionic Strength Effects
Use of ionic strength dependence of adsorption to distinguish indirectly between inner-and outer-sphere surface complexes has been advocated for metal ions and anions (Hayes et al., 1988) . Ions showing little ionic strength dependence in their adsorption behavior, such as lead, cadmium , selenite (Hayes et al., 1988) , borate (Goldberg et al., 1993) , and arsenate (Hsia et al., 1994; Goldberg and Johnston, 2001) , are considered specifi cally adsorbed as strong inner-sphere surface complexes. Ions showing strong ionic strength dependence in their adsorption behavior, such as selenate (Hayes et al., 1988) , are considered to be weakly bound as outer-sphere surface complexes, although ionic strength dependence could also indicate that a mixture of innersphere and outer-sphere complexes is formed.
McBride (1997) refi ned this concept, indicating that ions that show decreasing adsorption with increasing ionic strength are adsorbed as outer-sphere surface complexes, while ions that show little ionic strength dependence or show increasing adsorption with increasing ionic strength are adsorbed as inner-sphere surface complexes. Greater adsorption with increasing ionic strength results from the higher activity of counter ions available in solution to compensate for the surface charge generated by specifi c ion adsorption. Criscenti and Sverjensky (1999) showed   FIG. 3 . Schematic indicating the formation of inner-sphere and outersphere complexes at the solid-solution interface. After Hayes and Katz (1996) . that transition and heavy metals that were thought to not exhibit ionic strength dependence in adsorption behavior in fact exhibited a dependence that was a function of the background electrolyte in solution. In NaNO 3 solutions, these ions exhibited no ionic strength dependence in their adsorption behavior; in NaCl solutions, they consistently exhibited decreasing adsorption with increasing ionic strength; and in NaClO 4 solutions, they exhibited an increase in adsorption with increasing ionic strength.
The inner-sphere adsorption mechanism for selenite and the outer-sphere adsorption mechanism for selenate deduced from ionic strength dependence was verifi ed using EXAFS spectroscopy . However, in disagreement with the data of , Manceau and Charlet (1994) , using EXAFS spectroscopy, observed selenate forming innersphere surface complexes on goethite and hydrous iron oxide and questioned the relevance of ionic strength dependence data as a criterion for formation of outer-sphere surface complexes. For divalent cations, transition and heavy metal adsorption can still, in general, be described by inner-sphere complexes; for alkaline earth metals, adsorption can be described by outer-sphere surface complexes, as proposed by . However, this generalization may be less applicable as more experiments are conducted in electrolyte solutions other than NaNO 3 .
Calorimetry
By measuring the heat change resulting from adsorption reactions, titration calorimetry can provide useful information on the strength of adsorbate-adsorbent interactions (Zeltner et al., 1986) . This information provides indirect evidence for possible adsorption mechanisms. Titration calorimetry suggested that salicylate was adsorbed as a bidentate complex on goethite (Zeltner et al., 1986) . Adsorption enthalpies determined for fl uoride, iodate, phosphate, and salicylate adsorption indicated heterogeneity of adsorption sites on goethite (Machesky et al., 1989) . Jacobs (1991a, 1991b) suggested that adsorption enthalpies using titration calorimetry of alumina suspensions were consistent with the heterogeneity of surface functional groups proposed by the MUSIC model (Hiemstra et al., 1989a (Hiemstra et al., , 1989b .
Obtaining Parameter Values in Thermodynamic Surface
Speciation Models
Surface Site Density
The total number of reactive surface functional groups, S T (mol L -1 ), an important parameter in the surface speciation models, is related to the surface site density, N s (sites nm -2 ):
where S is the surface area (m 2 g -1 ), a is the particle concentration (g L -1 ), and N A is Avogadro's number. Experimental methods that have been used to obtain the surface site density include tritium exchange, potentiometric titration, fl uoride adsorption, and maximum adsorption. Values for this parameter have also been calculated from crystal dimensions or optimized to fi t experimental adsorption data. Values obtained from various determinations of surface site density vary by an order of magnitude, with tritium exchange measurements yielding the highest values. Uncertainty in surface site density is a major limitation in the standardization of SCMs, since the ability of the models to describe adsorption is sensitively dependent on this value (Goldberg, 1991) . Lützenkirchen et al. (2002) showed that there are serious fl aws in the use of potentiometric titrations as a means of quantifying the site density of minerals. To allow standardization of surface complexation modeling, a fi xed site density value for all minerals of 2.31 sites nm -2 was recommended by Davis and Kent (1990) and of 10 sites nm -2 by Hayes et al. (1991) . Both values have been used in modeling of many natural materials. More recently, Sverjensky (2003) proposed new and more useful standard states for surface reactions, such that the equilibrium constants are independent of surface area, site density, and the amount of mineral phase present in experiments.
Applications of the DLM to metal adsorption have split the total number of reactive surface functional groups into sets of "strong" (S s ) and "weak" (S w ) adsorption sites (Dzombak and Morel, 1990 ). This approach almost doubles the number of adjustable parameters, since each set of sites (S i ) has its own protonation, dissociation, and metal surface complexation constants. Koretsky et al. (1998) developed a method for estimating site types and ionizable site densities at mineral surfaces by considering ideal crystal surfaces. Surface site densities were determined using several different methods, and the results were compared to available experimental estimates of surface hydroxyl site densities. Calculated site densities based on the number of broken bonds gave the best agreement with site densities determined using the tritium exchange method. Estimates based on the number of coordinatively unsaturated atoms or on the partial charge of coordinatively unsaturated atoms were also consistent with much of the tritium exchange data. For the mineral surfaces examined by Koretsky et al. (1998) , site densities on individual crystal planes ranged from 0 to 40.8 sites nm -2 .
Capacitances
Some values of capacitance (C in the CCM and C 1 in the TLM) can be obtained graphically from slopes of protonation-dissociation constants versus surface charge (Stumm et al., 1980) . Alternatively, both capacitances, C 1 and C 2 , in the TLM can be determined using an electrokinetic extrapolation technique (Sprycha, 1989a (Sprycha, , 1989b . Experimentally determined capacitance values usually exhibit great variability; therefore, capacitances have generally been optimized to fi t potentiometric titration data in simple electrolyte solutions.
Surface Complexation Constants
Values of the protonation-dissociation constants in the CCM and the TLM can be obtained experimentally from the same graphs used to obtain capacitance values. These constants can also be obtained by optimizing titration data.
Values of the surface complexation constants for ion adsorption can be obtained by fi tting adsorption edges (amount adsorbed as a function of pH) or adsorption isotherms (amount adsorbed as a function of solution concentration at a single pH). These optimizations may be done with a computer program such as FITEQL (Herbelin and Westall, 1999 ). An advantage of computer optimization is that it yields bias-free parameters with standard deviations and quality-of-fi t criteria. Individual optimized equilibrium constant values can be weighted to obtain overall best estimates:
For the DLM, a set of best estimates of log K values are available for a variety of adsorbing cations and anions on amorphous iron oxide (Dzombak and Morel, 1990) . The advantage of this dataset is that all surface constants are self-consistent; that is, all ion surface complexation constants were optimized using the same values of protonation-dissociation constants, surface site density, and aqueous thermodynamic data. This is important because parameter values in the SCMs are interdependent (Hayes et al., 1991) . Additionally, since each SCM contains a different set of assumptions for the solid-solution interface, surface complexation constants from one model cannot be used directly in any other model. One advocated approach to addressing the problem of nonunique fi ts to experimental data is the adoption of a "standard" set of parameters that is uniformly applied in all systems (Davis and Kent, 1990; Dzombak and Morel, 1990; Hayes et al., 1991) . While this approach may not truly represent the exact physical, electrostatic, and chemical processes operating at the mineral-water interface, it does limit the number of adjustable parameters and serves to establish a baseline that will allow future direct comparison of modeling results and the evaluation of model performance. In addition, such an approach may be desirable from the point of view of developing simple, fl exible adsorption models containing internally consistent databases for performance assessment.
For example, Hayes et al. (1991) performed a sensitivity analysis of potentiometric titration data to obtain surface acidity constants for rutile, goethite, and γ-Al 2 O 3 . The authors considered the DLM, CCM, and TLM and investigated the effect of varying different parameters on the goodness-of-fi t. Based on the results of these analyses, Hayes et al. (1991) recommended a set of "standard" parameters for each mineral and model considered.
Smith and Jenne (1991) conducted a critical evaluation of parameters for the TLM for metal cation adsorption onto iron and manganese oxides. A relationship was presented that correlated the surface complexation constant of a particular metal with its intrinsic surface complexation constant, the intrinsic acidity constant, and the cation hydrolysis constant. This relationship was found to be useful for reducing uncertainty among different investigators and for predicting unmeasured surface complexation constants for metals for which reliable hydrolysis constants are available.
In perhaps the most extensive study of available data, Dzombak and Morel (1990) performed a critical compilation of data available for adsorption of a number of cations and anions onto hydrous ferric oxide for the DLM. A number of model parameters such as mineral specifi c surface area and site density were fi xed, and the data were optimized to obtain binding constants for 12 metal cations and 12 anions. The parameter set of Dzombak and Morel (1990) forms the basis for default values in geochemistry codes such as MINTEQA2 (Allison et al., 1990; USEPA, 1999a USEPA, , 1999b Allison Geoscience Consultants and Hydrogeologic, 2003) and PHREEQC (Parkhurst and Appelo, 1999) . A similar type of database was also prepared for adsorption on goethite (Mathur, 1995) .
Based on available potentiometric titration data and numerical optimization procedures, Turner (1993 Turner ( , 1995 developed DLM, CCM, and TLM input parameters for the acid-base behavior of a number of oxide minerals. These input parameters were used to interpret pH-dependent adsorption data for americium, neptunium, plutonium, thorium, uranium, and carbon. A uniform approach similar to that of Dzombak and Morel (1990) was used to fi x a number of model parameters a priori, to limit the number of adjustable parameters, and to minimize the amount of "tweaking" necessary to improve curve fi ts.
A different approach has been used to establish an internally consistent set of log K values for the TLM for adsorption onto solid oxides and silicates (Sverjensky, 1993 (Sverjensky, , 1994 (Sverjensky, , 2003 Sverjensky and Sahai, 1996) . Sverjensky and Sahai (1996) established equilibrium constants for surface protonation of oxides and silicates from theoretical considerations for the two-pK models, including minerals for which titration data were not readily available. The approach takes into account Born solvation theory for the adsorbing proton, electrostatic interactions of the adsorbing proton with a surface oxygen and an underlying metal, and an intrinsic binding of the proton to the surface. Building on the TLM dataset of surface protonation constants, Sverjensky (1997a, 1997b) systematically established log K values for the adsorption of the electrolyte anion and cation and values for the capacitance C 1 from surface titration data. They found a correlation between the dielectric constant of the oxides and the log K values for the electrolyte cations and anions. Site densities for each oxide were determined from crystallographic considerations by Koretsky et al. (1998) .
Using this pre-established database of TLM parameters for each oxide-electrolyte system (i.e., surface site densities; capacitances; and, equilibrium constants for protonation, deprotonation, electrolyte cation adsorption and electrolyte anion adsorption), Sverjensky (1999, 2002) used the TLM to examine experimental datasets for transition and heavy metal adsorption onto simple oxides or hydroxides. Datasets that covered a range of ionic strengths and/or surface coverages were investigated to establish stoichiometries and log K values for predominant metal surface complexes within the TLM framework.
Sverjensky (2001) linked the TLM capacitance values determined from data fi ts to the radius of the electrolyte cation. On rutile, anatase, and magnetite, the values of C 1 increased with decreasing crystallographic radius of the electrolyte cation, whereas on quartz, amorphous silica, goethite, hematite, and alumina, the values of C 1 increased with decreasing hydrated electrolyte cation radius. These results suggest that the electrolyte cations adsorbed as inner-sphere complexes to rutile, anatase, and magnetite and as outer-sphere complexes to the other oxides. This interpretation predicted distances for the adsorption of rubidium and strontium on rutile surfaces that were consistent with those measured spectroscopically by Fenter et al. (2000) . Recent studies have also used Gibbs free energy minimization as an alternative to the use of equilibrium constants to describe surface reactions (Felmy and Rustad, 1998; Kulik, 2000 Kulik, , 2002 .
More recently, Richter et al. (2003) and Brendler et al. (2003 Brendler et al. ( , 2004 established an adsorption database (RES 3 T) comprising data records from many different studies for a range of minerals, including iron oxides, quartz, aluminum (hydr)oxides, titanium oxides, manganese oxides, mica, feldspars, and clay minerals. The database contains mineral properties, specifi c surface area values, characteristics of surface binding sites and their protolysis, and surface complexation reactions. An extensive bibliography is included, providing links to the experimental data and background information concerning details of SCM parameter selection, surface species evidence, and adsorption experiment techniques. The RES 3 T database contains more than 1400 literature references.
The Common Thermodynamic Database Project, CTDP (van der Lee and Lomenech, 2004 ) is another database that includes adsorption equilibrium constants for SCMs. At present, the CTDP database includes 330 surface species for nine solids.
The values of SCM parameters are imperfectly known, and in practice they have tended to be used as multiple fi tting parameters specifi c to a particular dataset. Given the number of parameters involved, this almost certainly led to nonunique fi ts to experimental data. Also, because of fundamental differences in how the models treat the mineral-water interface and the tendency to use model-specifi c nonstandard parameters, it is often diffi cult to compare directly the results of different studies and even more diffi cult to compare the performance of different models for a given dataset.
Applications

Applying Surface Complexation Models to Single Mineral Phases
The CCM has been applied to describe adsorption on aluminum, iron, silicon, and titanium oxides, kaolinite, illite, and montmorillonite clay minerals, plant cell walls, and soils. Adsorbing ions that have been studied include the cation and metal ions: aluminum, cadmium, calcium, cesium, cobalt, copper, iron, lead, manganese, mercury, nickel, silver, zinc, europium, lanthanum, and ytterbium; and the anions: arsenate, arsenite, borate, fl uoride, molybdate, phosphate, selenite, silicate, selenate, sulfate, benzoate, citrate, phthalate, and salicylate.
The DLM has been applied to describe adsorption on aluminum, iron, manganese, silicon, and titanium oxides, biotite, kaolinite, and montmorillonite clay minerals, natural organic matter, bacterial cell walls, and sediments. Adsorbing ions that have been studied include the cation and metal ions: aluminum, barium, cadmium, calcium, chromium, cobalt, copper, lead, mercury, nickel, silver, strontium, zinc, and uranium; and the anions: arsenate, arsenite, borate, chromate, fl uoride, phosphate, sulfate, selenite, selenate, vanadate, benzoate, oxalate, phthalate, salicylate, thiosulfate, and fulvate. Adsorption of various metal ions has been studied on a lignocellulose organic substrate extracted from wheat bran (Ravat et al., 2000) . These applications considered two sets of reactive surface functional groups representing carboxylic and phenolic sites. The DLM was able to describe copper adsorption on this natural material.
The TLM has been applied to describe adsorption on aluminum, iron, manganese, and silicon oxides, kaolinite and smectite clay minerals, and soils. Adsorbing ions that have been studied include the cation and metal ions : cadmium, calcium, cobalt, copper, lead, magnesium, mercury, potassium, silver, sodium, zinc, neptunium, plutonium, thorium, and uranium An important advantage of the SCM approach applied to natural materials is the linkage between aqueous speciation modeling and the calculation of adsorption via the coupling of mass law equations. In addition, the SCM approach allows a simple description of the dependence of adsorption on pH (Davis et al., 1998) that is conceptually more appealing and more useful for predictive modeling than the empirical statistical K d approach.
For natural materials uncertainties exist in applying SCMs because of the physical and chemical heterogeneity of natural soils and sediments. Two approaches have been applied to describe adsorption on heterogeneous materials: the CA approach (Honeyman, 1984) and the GC approach. The CA approach is based on summing the adsorption by the individual component minerals of a soil or sediment to obtain a measure of the total adsorption of the mixture. The summation can occur as the sum of results for thermodynamic surface speciation models or as the sum of pseudo-thermodynamic models for adsorption on individual mineral phases. Pseudo-thermodynamic models include models without electrostatic correction terms, sometimes called nonelectrostatic models (NEMs). Because the modeling approach is based on summing the results from models already calibrated with pure mineral phases, the CA approach is predictive and does not involve fi tting adsorption data for the natural materials.
Extending the models to natural samples necessitates certain approximations and modifi cations. For example, in the application to clay minerals or soils, the assumption is usually made that adsorption occurs through interaction with the hydroxyl groups at the edges of clay particles. The effect of permanent negatively charged sites at the clay basal planes on adsorption is usually ignored. This simplifi cation may not be appropriate, especially for anions, whose edge site adsorption may be affected by the permanent negative charge. An additional assumption is that the constituent minerals are uncoated and do not interact. This assumption is violated in sediments and soils.
In the GC modeling approach, the surface of the mineral assemblage is considered too complex to be quantifi ed in terms of the contributions of individual phases to adsorption. Instead, it is assumed that adsorption can be described by SCM equilibria written for "generic" surface functional groups, with the stoichiometry and formation constants for each SCM mass law evaluated on the basis of simplicity and goodness-of-fi t (Davis et al., 1998 (Davis et al., , 2004a . The generic surface sites represent average properties of the soil or sediment surface rather than specifi c minerals. Experimental data for site-specifi c natural materials must be collected over the fi eld-relevant range of chemical conditions. The model parameters are likely not transferable to other fi eld sites. This GC modeling approach results in models calibrated with conditional parameters that are valid only for the range of aqueous chemical conditions considered in the experimental dataset. For predictive purposes, interpolation of chemical conditions within the ranges tested in the experiments is valid, but extrapolation to values outside these ranges is not . Therefore, a larger experimental dataset improves the robustness of the model and its usefulness for predictive calculations. A NEM can be used in a GC approach because the pH-dependent coulombic factor will be included indirectly in the fi tting via log K values, reaction stoichiometries, or site densities.
Applications of the CCM to soils have been limited to the description of anion adsorption. The model has been used to describe phosphate (Goldberg and Sposito, 1984) , borate (Goldberg, 1999 (Goldberg, , 2004 Goldberg et al., 2000 Goldberg et al., , 2004 Goldberg et al., , 2005a , selenite (Goldberg and Glaubig, 1988b; Sposito et al., 1988) , arsenate Glaubig, 1988a, Goldberg et al., 2005b) , sulfate (Kooner et al., 1995) , and molybdate (Goldberg et al., , 2002 ) adsorption on soils using a GC approach. In these studies the electrostatic terms and protonation-dissociation constants were retained. Except in the study of Kooner et al. (1995) , values of the protonation and dissociation constants were averages obtained from a literature compilation of values for aluminum and iron oxide minerals. Kooner et al. (1995) obtained protonation and dissociation constant values by optimizing potentiometric titration data. Monodentate anion surface species were defi ned in all studies. In addition to monodentate selenite species adsorbed on one set of surface sites, Sposito et al. (1988) assumed that bidentate selenite species formed on another set of surface sites. To describe borate (Goldberg, 1999) and selenite (Goldberg and Glaubig, 1988b) adsorption, values of the protonation and dissociation constants were optimized together with the anion surface complexation constants.
The predictive ability of the CCM to describe ion adsorption has been tested for phosphate (Goldberg and Sposito, 1984) , borate (Goldberg and Glaubig, 1986 , Goldberg et al., 2000 , 2004 , 2005a , selenite (Sposito et al., 1988) , molybdate (Goldberg et al., 2002) , and arsenate (Goldberg et al., 2005b) . Qualitative prediction of selenite adsorption on four California soils was possible using the selenite surface complexation constants obtained for one other California soil (Sposito et al., 1988) . The model was qualitatively able to predict phosphate (Goldberg and Sposito, 1984) and borate (Goldberg and Glaubig, 1986 ) adsorption on individual soils using an average set of anion surface complexation constants obtained from numerous soils.
A new approach for predicting boron adsorption used a general regression model to predict CCM surface complexation constants from the easily measured soil physical and chemical properties: surface area, organic and inorganic carbon content, and aluminum oxide content (Goldberg et al., 2000 (Goldberg et al., , 2005a ). This approach was well able to predict boron adsorption by numerous soils of diverse soil orders having a wide range of chemical properties and provided a completely independent model evaluation. The prediction equations developed from describing boron adsorption on a set of soils primarily from California were able to predict boron adsorption on a set of soils from the midwestern USA, suggesting wide applicability of the prediction approach . The original prediction equations developed for boron adsorption as a function of solution pH at a concentration of 5 mg B L −1 on southwestern soils were able to describe boron adsorption as a function of solution boron concentration up to 250 mg B L −1 on midwestern soils. A similar modeling approach was used to predict molybdate adsorption on a wide range of soils (Goldberg et al., 2002) . The general regression equations predict CCM molybdenum surface complexation constants from the chemical properties: cation exchange capacity, organic and inorganic carbon content, and iron oxide content. This approach was also used to predict arsenate adsorption on a large set of soils using fi ve soil chemical properties to predict the arsenate surface complexation constants in the CCM (Goldberg et al., 2005b) . Davis and Curtis (2003) studied the Uranium Mill Tailings Remediation Action (UMTRA) site near Naturita, CO, because it had a well-developed and defi nable uranium(VI) plume in a shallow alluvial aquifer and had spatially variant chemical conditions, expected to infl uence transport and retardation. Laboratory batch and column experiments showed that the adsorption and retardation of uranium(VI) by the Naturita sediments was strongly infl uenced by the dissolved carbonate concentration. A GC model was developed for the Naturita aquifer background sediments based on fi tting batch uranium(VI) adsorption data. Using only two surface reactions (four surface species), the GC NEM model was able to accurately simulate K d values for uranium(VI) adsorption on the Naturita aquifer sediments over the observed range of pH and dissolved carbonate and uranium(VI) concentrations.
The CA and GC modeling approaches were compared for U(VI) adsorption by sediments from the Koongarra natural analog site located in northwest Australia (Waite et al., 2000; Davis et al., 2002) . The CA approach necessitated eight reactions and used a diffuse double layer electrostatic model, whereas the GC approach required only four surface reactions and did not include an electrostatic model. The performance of the two modeling approaches was nearly identical, even though the GC model contained 7 model parameters and the CA model contained 11. A similar intercomparison of CA and GC diffuse layer modeling approaches on the same data was performed by 12 teams from eight countries (Payne et al., 2004) . CA simulations were unable to provide satisfactory descriptions of the data, and reoptimization of some parameter values was necessary. Generalized composite models provided better simulations of the data but optimized a greater number of parameters. The ability of either approach to describe uranium(VI) adsorption on other rock samples from the same fi eld site was unsatisfactory.
Diffi culties in Applying Thermodynamic Surface Speciation
Models to Natural Systems
The thermodynamic surface speciation and semi-empirical modeling approaches represent two extremes of surface complexation modeling (see Table 2 and Davis et al., 1998 Davis et al., , 2004a . In thermodynamic surface speciation models (e.g., Hiemstra and van Riemsdijk, 1999) , the surface species postulated should be supported with spectroscopic evidence. Thermodynamic surface speciation models usually include electrical double layer terms in the mass law equations, and hence, adsorption predictions with these models are sensitive to the double layer parameters.
The sensitivity to electrostatic terms illustrates a signifi cant practical problem in extending thermodynamic surface speciation models directly to simulate metal ion adsorption on complex mineral assemblages in the environment. Mineral surfaces in the environment are typically coated with poorly crystalline secondary mineral coatings, as has been shown in detail for many different sediment samples (e.g., Coston et al., 1995) . The coatings make it extremely diffi cult to quantitatively assess the electrostatic contribution to the free energy of adsorption. In the literature, one frequently fi nds the assumption that the electrical double layer properties of pure mineral phases studied in the laboratory are the same as in a mineral assemblage found in the environment (e.g., Arnold et al., 2001) . Current understanding of bonding is well advanced at the molecular scale (e.g., Bargar et al., 2000; Arai et al., 2006) , but our understanding and models become increasingly uncertain as the physical scale increases. The adsorption of ions by sediments and soils is ultimately controlled by adsorptive phases with dimensions on the order of tens of nanometers.
It seems unlikely that modeling assumptions based on pure mineral phases are valid, given the reality of small-scale heterogeneities and coatings prevalent in soils and sediments. In addition, the CA modeling approach is diffi cult to apply because the site densities of the mineral and organic phases in the coatings that are contributing to metal ion adsorption are unknown . This inherent heterogeneity of environmental samples makes application of the thermodynamic surface speciation models diffi cult at present, even at the microscale level.
While a thermodynamic surface speciation model must be validated with spectroscopic evidence and other detailed data to confi rm surface speciation and electrical double layer properties (Hiemstra and van Riemsdijk, 1999) , the GC modeling approach is more easily applied, and fewer experimental data need to be collected. The range of applicability of a GC model with respect to chemical variation is determined by the type and amount of experimental data collected. Generalized composite model parameters are calibrated by fi tting a simple surface speciation model so that the major features of adsorption are simulated as chemical conditions are varied over fi eld-relevant ranges (Davis et al., 1998) .
Subsurface Transport Modeling
The retardation of inorganic contaminants during groundwater transport can be infl uenced strongly by the variability in chemical conditions over the spatial or temporal domain of the model (Reardon, 1981; Bethke and Brady, 2000) . For traditional modeling that relies on adsorption isotherms, various approaches have been proposed to describe the infl uence of variable chemistry on isotherm parameters. For example, in describing the infl uence of variable groundwater on lithium retardation, Brusseau and Srivastava (1999) Riemsdijk, 1987; USEPA, 1999b) have made isotherm parameters explicit functions of key aqueous chemical variables. Boekhold and van der Zee (1992) and Streck and Ritcher (1997) used this approach to describe the infl uence of pH on the fi eldscale variability of adsorptive properties of soils. Water-mineral interactions during transport can infl uence aqueous chemical composition and result in a signifi cant indirect effect on the transport of adsorbing solutes (Kohler et al., 1996; Scheidegger et al., 1994; Meeussen et al., 1996) .
Subsurface Transport Modeling Using the Surface Complexation Concept
Transport models that include SCMs to describe adsorption have been used in only a few fi eld-scale applications. Stollenwerk (1995) calibrated a DLM to simulate molybdate transport in laboratory columns and then successfully predicted molybdenum transport in a shallow sand and gravel aquifer on Cape Cod (Stollenwerk, 1998) . Kent et al. (2000) successfully simulated the pH-dependent transport of zinc in the Cape Cod aquifer with a GC model for zinc adsorption. Generalized composite model adsorption parameters were determined in independent laboratory experiments. A 59-yr simulation with a one-site adsorption model was well able to describe the infl uence of pH on zinc transport. Simulation with a two-site adsorption model described both the sharpness and approximate location of the leading edge of the zinc contaminated region. The infl uence of variable pH on the adsorption and transport of zinc was accomplished much more easily with the semi-empirical GC DLM than could be achieved with distribution coeffi cients or adsorption isotherms. The transport predictions were made without adjusting any adsorption model parameters. Curtis et al. (2006) used two-dimensional reactive transport modeling to simulate uranium(VI) transport in an alluvial Apparent stability constants and reaction stoichiometries are fi t to experimental adsorption data for environmental samples or model constants are predicted based on regression to soil properties and fi tted constants Overall adsorption is predicted by the sum of adsorption calculated for each specifi c mineral phase present in environmental samples
Numbers of surface site types and chemical reactions are increased as necessary to achieve good model simulations and to meet modeling objectives † Thermodynamic surface speciation models that are developed by predicting adsorption as the sum of contributions from individual mineral phases are called component additivity (CA) models (Davis et al., , 1998 Honeyman, 1984) . Characteristics for thermodynamic surface speciation modeling in Table 2 apply to the CA modeling approach.
aquifer at a former uranium ore processing mill near Naturita, CO. The model was based on an independently calibrated fl ow model and the independently calibrated GC model for uranium(VI) adsorption. K d values were calculated from the simulated concentrations. Transport simulations conducted for the fi eld scale demonstrated the importance of using the GC model to describe uranium(VI) adsorption rather than a constant K d modeling approach (Curtis et al., 2006) . A major conclusion from the transport simulations was that risk assessment modelers must recognize not only that variable chemical conditions can cause a range of K d values to be observed but also that the spatial distribution of K d values within that range is not likely to be a random function or a normal distribution. The simulations also showed that predicted uranium(VI) transport was nearly identical whether or not surface charge was explicitly considered within the adsorption model. Davis and Curtis (2003) conducted transport experiments in columns packed with Naturita sediments to investigate the effects of variable chemical conditions on uranium(VI) transport. The results showed that uranium(VI) retardation was signifi cantly affected by variable chemical conditions, especially variable alkalinity and pH. The observed variations in uranium(VI) retardation were predicted reasonably well by the same transport model used in fi eld simulations that included the GC adsorption model and assumed local chemical equilibrium. Vaughan et al. (2004) used the UNSATCHEM model (Suarez and Simunek, 1997) to predict boron transport within an agricultural fi eld irrigated with boron containing water. The CCM surface complexation constants were estimated by using a set of regression relationships based on soil properties (Goldberg et al., 2000) . The model was only partially successful in predicting the spatial distribution of boron concentrations in the soil, likely due to lack of information on the spatial variability of water infi ltration.
Spatial Heterogeneity of Aquifer Sediment Properties
The effect of aquifer heterogeneity on reactive solute transport has been the focus of several studies in contaminant hydrology (Bosma et al., 1993; Burr et al., 1994) . The depositional processes forming sedimentary aquifers produce heterogeneities such as interbedding, discontinuous lenses, or strata of differing grain-size and mineralogical composition. These heterogeneities create zones of variable permeability in aquifers, which may increase the dispersion of solutes relative to that expected in a homogeneous aquifer (Gelhar and Axness, 1983; Garabedian et al., 1991; Hess et al., 1992) . As discussed previously, the spatial heterogeneities of grain-size and primary and secondary mineral abundance also result in variability in reactive and absorbent phases (Barber, 1994; Friedly et al., 1995) . In addition, the distribution and reactivity of mineral phases within a sedimentary aquifer can vary with the degree of pre-and postdepositional weathering of the sediments. Heterogeneity in mineral phase abundance may enhance the spreading of reactive solutes during transport, for example, when there is a negative correlation between hydraulic conductivity and the partition coeffi cient for an adsorbing ion (Bosma et al., 1993; Burr et al., 1994) . Knowledge of the spatial variability of adsorption properties within an aquifer and their degree of correlation with hydraulic conductivity may be critical for improving predictive transport modeling efforts (Robin et al., 1991; Bosma et al., 1993; Burr et al., 1994) . However, characterization of fi eld-scale variability of adsorption properties within an aquifer poses a signifi cant challenge. Fuller et al. (1996) quantifi ed the variability of lead and zinc adsorption onto sediments from the Cape Cod aquifer at a spatial scale of tens of meters. The variability in lead and zinc adsorption was signifi cantly correlated with extractable iron and aluminum from sediment coatings. The variability in adsorption was best described by the variability in iron and aluminum oxide coating abundance when the results were normalized to a constant surface area basis. Lead and zinc adsorption on the sediments only varied by a factor of three for 38 samples collected within a spatial domain of 0.5 km in the direction of groundwater fl ow. This result suggests that using the "average" properties of aquifer sediments may be adequate for fi eld-scale adsorption modeling at the kilometer scale. At larger scales, average properties of sediments may need to be determined for each geological unit. Goldberg et al. (2005a) evaluated the predictive ability of the CCM to describe boron adsorption as related to changes in clay content on a fi eld scale. The model was able to predict boron adsorption at fi ve soil depths at three sites using the surface complexation constants predicted with the chemical properties of one of the surface depths and a surface area value calculated from clay content. Thus, these soil chemical properties can be measured at various locations throughout a fi eld without significantly altering the quality of the predictions of boron adsorption. This fi nding signifi cantly reduces the need for tedious, costly, and time-consuming boron adsorption experiments. Additional corroborative work is needed at other fi eld sites to evaluate whether this approach can be generalized beyond the fi eld scale to the basin scale.
Field Methods for Testing Adsorption Models and
Model Parameters Davis and Curtis (2003) investigated methods to estimate uranium(VI) K d values at the Naturita fi eld site using data from uncontaminated sediments. Such methods are needed (i) for validation of SCM parameters for transport simulations within risk assessment models and (ii) for estimation of initial conditions for adsorbed contaminants for transport simulations describing previously contaminated sites. Uranium(VI) K d values predicted with a GC adsorption model generally agreed to within a factor of two to three with experimental estimates of the K d values for uranium contaminated sediments (Kohler et al., 2004) . This agreement with the experimental determinations of adsorbed uranium(VI) in the contaminated portion of the Naturita alluvial aquifer provides confi dence in the predictive capability of a GC adsorption model within fi eld-relevant conditions.
Choice of Conceptual Model for Adsorption in Subsurface Transport Modeling
The different federal agencies, U.S. Department of Defense, USDOE, NRC, USEPA, ARS, and USGS, use a number of different computer codes to simulate reactive contaminant transport. The basic conceptual models available in different codes are summarized in Table 3 . Information on sources for model parameters in the different codes is summarized in Table 4 . Most of these codes rely on adsorption isotherms (K d , Freundlich, and Langmuir) and provide a set of default input values. In some cases, input is user-specifi ed. These tables are not intended to be an exhaustive list or to provide detailed information about the implementation of adsorption models in the different codes. The readers are referred to the code documentation for more detail.
It is recognized that fully empirical models are simpler in mathematical construction, and because of the relatively straightforward application of these models, abundant experimental data have been generated to determine the necessary empirical coeffi cients for a variety of elements and substrates.
However, this simplicity comes at the expense of fl exibility. The fully empirical nature of these models tends to lump processes together and cannot adequately discriminate between the effects of various physical-chemical parameters that may compete and interact in a complex manner to control contaminant retardation. Since empirical models do not provide mechanistic understanding of adsorption processes, extrapolation beyond the experimental conditions used to generate the data fi tted by the model is unjustifi ed.
As the theoretical basis for the conceptual models for adsorption increases, the fl exibility and applicability of the model generally increases as well. Thermodynamic surface speciation models use theoretical relationships governing interaction between an electrolyte solution and a charged substrate of a particular structure and composition. By explicitly defi ning the relationships between a number of system parameters, these models are much more robust and can be extended with less uncertainty beyond experimental conditions to a wide range of environments. As sophistication increases, however, the data requirements and the number of adjustable parameters increase as well. Much of the data necessary for rigorous application of these models is frequently unavailable, poorly constrained, or only available for pure or synthetic minerals. This makes extrapolation to natural solid solutions and composite materials diffi cult. Uncertainty with regard to the electrostatic behavior of heterogeneous materials has led to the development of semi-empirical, nonelectrostatic SCMs. These models eliminate the electrostatic terms from the mass-action expressions and are a compromise between fully empirical adsorption models using lumped parameters and more complex representations of the mineral-water interface. They contain fewer parameters than do full electrostatic models. However, these models are limited to the geochemical conditions at a specifi c fi eld site and are not generally applicable. One of the potentially large uncertainties in risk assessment model calculations arises from the choice of K d values for individual contaminants. Depending on the type and purpose of the modeling, either a single K d value may be chosen from tabulated databases for each contaminant or a probability distribution function may be derived that encompasses a range of K d values. The uncertainty in the choice of K d values or in the probability distribution function arises from several sources, such as experimental error, extrapolation or interpolation of values to chemical conditions or rock types other than those used in actual experimental measurements of K d , and the scaling of K d values measured for rock powders to the values expected for intact rocks in the site-specifi c, geologic setting.
For a variety of reasons, the range of K d values that may need to be considered for each contaminant-rock combination can be quite large. One can consider spatial and temporal variability in chemical conditions in risk assessment modeling using K d values by separating the calculations into separate blocks of time or hydrologic units in space. However, it is not unusual at fi eld sites contaminated by point sources to fi nd other co-solutes that form plumes, in addition to the contaminants of interest. Although the effects of changes in chemical conditions on the solubilities of contaminants can usually be calculated in a straightforward manner, the effects of variable chemical conditions on adsorption and the choice of K d values are more complex USEPA, 1999b; Kohler et al., 1996) . To be conservative, large ranges of K d values may need to be estimated by expert judgment to account for possible changes in chemical conditions and for other sources of error. The uncertainties in these ranges are diffi cult to assess quantitatively without doing large numbers of experiments.
Surface complexation modeling could be of signifi cant value to risk assessment calculations, even if it is only used to determine the range of K d values that needs to be considered and to provide a scientifi c basis for the range of values chosen. Uncertainties in SCM parameters can be less than the uncertainties in K d values (taking into account the robustness over a range of chemical conditions), and SCM uncertainties may be more easily quantifi ed. For example, a recent report on batch studies of uranium(VI) adsorption on montmorillonite presented K d values that varied by more than four orders of magnitude over the pH range 6.5 to 8.5 (Pabalan and Turner, 1996) . Davis et al. (1998) and Kent et al. (2000) showed that the K d values for zinc in a sand and gravel aquifer varied by about two orders of magnitude because of variable chemical conditions in the groundwater. In each of these cases, the datasets could be described by an SCM with a small number of independent parameters that remained constant and had comparatively less uncertainty in their values. Using a range of four orders of magnitude in the uncertainty of K d values, for example, could inadvertently lead to risk dilution, increased costs for waste cleanup at an industrial site, or rejection of an effective alternative waste disposal scenario. If used properly, SCMs for contaminant adsorption have the potential to increase the confi dence and scientifi c credibility of transport modeling by reducing the uncertainty in quantifying retardation and providing a means of quantifying that uncertainty. In addition, SCMs have the potential to lower the estimated remediation costs of sites (or to support the feasibility of a disposal scenario) by decreasing the uncertainty of K d values (and the associated safety factor applied in risk assessment modeling). Finally, the use of SCMs can provide a stronger basis for applications of natural attenuation in contaminated systems (Brady et al., 1999) .
In support of the NRC's Total System Performance Assessment (TPA) code for the geologic disposal of highlevel radioactive waste (Mohanty and McCartin, 2001) , two approaches have been used to apply surface complexation modeling to describe actinide adsorption Bertetti et al., 1998; Turner and Pabalan, 1999; Turner et al., 2002) . One approach was to use a simplifi ed DLM with available hydrochemistry data to provide realistic site-specifi c constraints on the probability density functions used in stochastic performance assessment codes to describe radionuclide adsorption. Specifi cally, for each separate groundwater analyses, values of pH and concentrations of the major cation and anion species were extracted from hydrochemistry databases; a DLM was used to establish mean, minimum, and maximum values for adsorption and related transport parameter probability density functions for sampling during a given TPA run. Correlation coeffi cients for multiple pairings of radioelements were also included as input into the TPA sampling routine, allowing the value selected for one radioelement adsorption parameter to be conditioned indirectly by its geochemical relationship to the other radioelements.
While using the DLM offl ine to constrain adsorption coeffi cient probability density functions is an approach that can be adapted quickly to current performance assessment approaches, it does not reduce the number of sampled parameters. Also, while the approach represents the effects of variable geochemical conditions on adsorption, it does not represent variation in a spatial sense. An alternative method that is being explored for incorporation into the TPA code is to use the DLM over a wide range of pH and pCO 2 conditions to develop an adsorption response surface as a function of geochemistry (Turner et al., 2002) . During a given TPA realization, probability density functions for pH and pCO 2 are sampled, and the values used to determine the appropriate value for K d from the response surface, either through a parametric representation of the surface or through interpolation of a look-up table.
Conclusions
The use of equilibrium geochemical models to calculate the solubilities and aqueous speciation of contaminants is well established in the fi eld of geochemical modeling. Surface complexation modeling is an extension of this thermodynamic modeling approach to include the reactions between dissolved species and the functional groups present on mineral surfaces. The adsorption reactions are included as part of the network of chemical reactions that require equilibration, rather than as a conditiondependent partitioning coeffi cient, like K d . Once the model is calibrated, it may allow predictive calculations for a range of geochemical conditions without changing the values of the stability constants for ion adsorption. The adsorption equations can be included effi ciently in transport simulations where there are chemical gradients in the subsurface environment rather than constant chemical conditions (Curtis et al., 2006; Kent et al., 2000) . This type of model also provides a more sound thermodynamic basis from which to examine uncertainty in transport parameters resulting from spatial heterogeneity in the physical and chemical characteristics of the system of interest.
The challenge in applying the surface complexation concept in the environment is to simplify the adsorption model, such that predicted adsorption is still calculated with mass laws that are coupled with aqueous speciation, while lumping parameters that are diffi cult to characterize in the environment with other parameters. To be applied by solute transport modelers and within risk assessment applications, the complexity of the adsorption model needs to be balanced with the goal of using the simplest possible model that is consistent with observed data. This can sometimes be achieved using the semi-empirical GC modeling approach (Kent et al., 2000; Davis and Curtis, 2003; Curtis et al., 2006) . The GC modeling approach is a compromise between the simple constant K d approach and more complex thermodynamic surface speciation models that are presently diffi cult to apply to the environment. An important limitation of the GC approach is that adsorption predictions should not be extrapolated to conditions outside of the range for which data were collected for model calibration. However, a GC model can be useful for predictive calculations that interpolate within the range of chemical conditions studied.
Historically, solute transport modelers have lacked the necessary expertise to apply the SCM approach, and many have believed that the models were too complex to be applied. While it is true that the most complex models are diffi cult to apply at present, it has been demonstrated that the simpler GC modeling approach can be applied to simulations of contaminant transport at the fi eld scale. The GC modeling approach is preferable to completely empirical approaches, such as the constant K d model or adsorption isotherms, because the important linkage between surface and aqueous species (and associated thermodynamic data) is retained through the coupling of mass action equations. This linkage also provides a framework for conducting uncertainty analyses based on process level parameters rather than on ranges of K d values resulting from lumping together multiple processes. The current operational paradigm that employs constant K d values to describe retardation at the fi eld scale introduces more uncertainty than necessary. This uncertainty can be reduced and more completely understood in the future using SCM modeling approaches.
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